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This thesis assesses landslide susceptibility using data from LiDAR DEMs, land cover,
and soil surveys. Data were assessed quantitatively through Bayesian logistic regression within a
geographic information system (GIS) and statistical software to produce a landslide susceptibility
map. The study area exhibits moderate relief where bluffs along the Missouri River valley
gradually recede into rolling loess-mantled hills further to the south and southeast in Knox
County. The six factors used to determine susceptibility to landslides are: land cover, parent
material, slope aspect, slope curvature slope degree, and soil series. My findings show an increase
in slope is the most significant factor that causes landslides. In Knox County, for every one
degree increase in slope, the odds of a landslide increase by 1.41. The next most important factors
for determining landslides are soil series and parent material. The occurrence of a landslide in
areas of Pierre Shale are five times as large as alluvium, a material that is not recognized as
having a strong potential for landslides in Knox County. This finding is consistent with
conclusions from previous regional studies. The last significant factor was land cover. The results
of the land cover indicate construction of road networks found in developed land cover areas is
statistically significant. I tested multiple combinations of models and found the best combined
soil series and slope. The confusion matrix of this model has a predictive accuracy over 93%. The
landslide susceptibility map created in this study distinguishes areas that are more likely to incur
landslide activity or areas that have already experienced a significant amount of landslides.
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1 Introduction
Earth’s surface is constantly being reshaped and modified by natural processes.
These processes vary in significance, size, and type. Landslides are a naturally occurring
geologic process that takes place throughout the world, and they occur in every region of
the United States (Eversoll, 2013; Saadatkah, et al., 2014; Wang, et al., 2012). A
landslide is defined as the movement of a mass of rock, earth or debris down a slope
(Cruden, 1991). Although landslides pose significant threats to humans in heavily
populated areas, this study focuses on identifying the odds of their occurrence and
mapping the susceptibility of landslides in a rural area.
The factors that control landsliding and their complex interrelationships are still
not fully understood. Natural landslide triggering factors vary based on geographic
location (Regmi et al., 2010; Lin et al., 2013; Wang et al., 2015; Mitchell et al., 2015).
Human activities, such as road construction, dam construction, and other anthropogenic
activities contribute to the occurrence of landslides as well (Erskine, 1973; Hunt et al.,
1993; Abranas and Abranas, 2015). This thesis assesses landslide susceptibility using
geographic information systems (GIS), data derived from Light Detection and Ranging
(LiDAR), and soils info derived from the Knox County soil survey (USDA-NRCS,
1997). This study aims to identify areas of landslide susceptibility using a qualitative and
quantitative analysis in an approach similar to other recent landslide susceptibility studies
(Gorsevski et al., 2004; Regmi et al., 2010; Temesgen and Korme, 2001).
It is important to make a clear distinction between susceptibility and hazard. The
susceptibility of an area to landslide activity addresses the likelihood that a landslide will
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occur in that area. A hazard is defined as a naturally occurring or human-induced
process, or event, with the potential to create loss, i.e., a general source of future danger
(Smith and Petley, 2009). While a susceptibility map, similar to the one produced in this
study, will encapsulate anthropogenic structures, the estimated cost (risk) of their losses
will not be included or evaluated (Spiker and Gori, 2003). Landslide related costs were
estimated for the state of Nebraska at around $3.6 million between the years 1992 and
2002 (Highland, 2006). In 2001, landslides were estimated to have cost Knox County
Roads Department around $24,000 (Highland, 2006).
In this study a landslide susceptibility map is created for Knox County, Nebraska.
Six factors were selected to assess the area’s susceptibility to landslides: soil series, land
cover, parent material, slope degree, slope curvature, and slope aspect. All six factors
were used in logistic regression models to identify areas that are least likely and most
likely to experience landslides. The results of the statistical analysis of factors were
applied to produce a resultant map to show landslide susceptibility.

1.1 Remote Sensing and Mapping Landslide Assessment Methods
Remote sensing collects data from a distance without coming into physical
contact with the object (Mantovani et al., 1996). Remote sensing is used in nearly every
sub-category of landslide literature whether it is through inventory mapping,
identification, monitoring, modeling, prediction, or hazard zonation (Arbanas and
Arbanas, 2015). The study of landslides often combines sub-categories and different
types of remote sensing methods. Through time, landslide studies have evolved alongside
the field of remote sensing with advances in technology.
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New technology and an ever-increasing imagery resolution have changed the
methods and accuracy in which landslides can be identified and mapped (Guzzetti et al,
2012). Fields such as geology and geography have benefitted from the technological
advances in remote sensing through an increasing amount of data being collected of the
earth’s surface. In this section, a brief overview examines how data collection of
landslides has progressed over time. Examples from regions around the world show a
more complete spectrum of the technology changes experienced. Remote sensing
methods used in landslide investigations in Knox County, Nebraska and the surrounding
area is also discussed. The creation of landslide susceptibility maps through landslide
contributing factors is reviewed in this section as well.
Generally, the first approach to the study of landslides is through the collection of
data for identification and inventory mapping (Arbanas and Arbanas 2015). The
inventory can include many variables such as the location of the landslide, size, the type
of landslide that occurred, and the date at which the landslide occurred. By keeping track
of the date the landslide occurred, over time, the maps can also offer a temporal
perspective (Guzzeti et al., 2012). Landslide inventory mapping is an essential building
block for landslide studies. Inventories can be prepared using several different methods
according to the end user’s purposes and needs. The methods used are dependent upon
factors such as how large or small the extent of the area analyzed is, the resolution
needed, and available data (Guzzeti et al., 2012).
Landslide inventories require some form of remote sensing through aerial
photography, satellite imagery, or LiDAR (Bucknam et al., 2001; Guzzeti et al., 2012;
Shulz 2007). The use of aerial photography and imagery has been the principal method
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employed. Presently, the visual interpretation of landslides is still considered as the most
commonly used method to produce landslide maps (Guzzetti et al., 2012). In previous
studies on landslides in Cretaceous shales in South Dakota, the primary remote sensing
method used was air photo interpretation (Bruce and Scully, 1966; Erskine, 1973). This
method can identify landslides that have occurred around the time the aerial photo was
taken, but fails to delineate landslide boundaries that occurred in the distant past. Older
landslides are often covered by vegetation and cannot be mapped strictly using aerial
photography (Bruce and Scully, 1966; Erskine, 1973). Remote sensing techniques used in
landslide investigations within areas of Pierre Shale are outdated and advancements in
remote sensing technology should increase inventory sizes. However, the scale and
resolution of remote sensing photography, remote sensing imagery, and imagery derived
digital elevation models (DEMs) can vary significantly.
For example, the U.S. Geological Survey (USGS) has mapped thousands of
landslides and has created both an inventory and a susceptibility map after Hurricane
Mitch swept through Guatemala in 1998 (Bucknam et al., 2001). Areas containing
scarps, material deposits, and freshly removed vegetation, were traced using a
stereoscopic illuminated marker on aerial photographs. The photographs used had a scale
of 1:40,000-scale and were black-and-white DEMs. For the susceptibility map creation,
the DEMs were created from 20-m contours on two 1:50,000-scale quadrangles. The end
product was a susceptibility map created from a DEM with a resolution of 10-m. The
smallest landslide features identified were around 15-m in width.
Other forms of remote sensing such as satellite imagery can yield much higher
resolutions for feature identification. Modern sensors, such as those used onboard the
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following satellites: Landsat-7, Terra (Aster), SPOT-5, ALOS (PRISM), IKONOS-2,
QUICKBIRD-2, and GEO-Eye, can provide resolutions ranging from 30m to a sub-meter
resolution (Arbanas and Arbanas, 2015; Nichol and Wong, 2005). The higher quality
data can be used not only for inventory mapping, but also for automated detection change
of landslides that are validated with landslide inventories in a research area.
Automated landslide identification is actually automated change detection, but
applied to landslides. The changes observed are the difference in pixel values from the
spectral response of the earth. Temporal differences in pixel values are created by mass
movements of earth materials (Nichol and Wong, 2005). Landslide features 7-m to 10-m
in size are detected by automated change detection analysis using SPOT multispectral
satellite images (Nichol and Wong, 2005). Using a landslide inventory, Nichol and Wong
(2005) were able to validate around 70 percent of the landslides automated through
spatial algorithms.
Other methods of remote sensing are bolstering historical data and adding to
previous landslide inventories. Schulz (2007) conducted a study in Seattle, Washington
using LiDAR to map four times the number of landslides produced using aerial
photographs alone. LiDAR is an acronym that stands for light detection and ranging
(Schulz 2007). The Seattle area is very densely vegetated and prior remote sensing
techniques could not provide the clarity needed in a DEM to map old deep-seated
landslides. Using LiDAR, the study produced 2-m DEMs that stripped away the area’s
forest and provided detailed land surface topography for the study. The landslide study
accomplished its goals: creating an updated inventory map and an updated susceptibility
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map from new data. Using the new data collected through LiDAR, Schulz (2007) drew
new conclusions for the causation factors contributing to landslides in the Seattle area.
Susceptibility mapping and hazard zonation also incorporate different remote
sensing methods. Again, this sub-category has evolved alongside changes in remote
sensing technology. Early studies evolved from using stereoscopic imagery for
cartographic representations of hazardous areas to using high-resolution satellite imagery
and LiDAR to predict the probability of landslide hazards in a given area using
quantitative methods (Lee et al., 2004; Mantovani et al., 1996; Regmi et al., 2013).
However, the scales and resolutions of imagery used within studies can differ. For
example in a study in Boun, Korea, Landsat TM imagery used a 30-m x 30-m resolution
to classify land use, but to detect lineaments indicating the presence of scarps, IRS
imagery with a 5-m x 5-m resolution was employed (Lee and Choi, 2004).
Susceptibility mapping and hazard zonation are contingent upon using factors that
are relevant to landslides for the explanation or prediction of why or where landslides are
more likely to occur. There is no standard group of factors that are included in every
landslide study. Many of the relevant landslide factors selected depend on the size of the
study, the type(s) of landslides being studied, and/or the availability of other relevant data
(Van Westen et al., 2008). Other factors often selected for susceptibility mapping can
include environmental factors such as slope, aspect, soil types, land cover, land use data,
and triggering factors such as rainfall (Van Westen et al., 2008). In a quantitative
analysis for a susceptibility map, factors are analyzed under the assumption that future
landslides will have similar characteristics as the pre-existing landslides (Gorsevski et al.,
2006; Hussin et al., 2015; Regmi et al., 2013; Van Westen et al., 1997). The
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characteristics or factors of the pre-existing landslides are analyzed for statistical
relationships that are believed to be causes of landslide activity. The statistical data
provides values that can be manipulated in a GIS system to produce a susceptibility map
differentiating areas of high and low landslide susceptibility (Regmi et al., 2013).
In summary, there are several types of remote sensing techniques that are applied
to landslide studies. The approaches covered in this section cover only a fraction of the
possibilities, but are the most applicable to this study. While not all remote sensing
techniques covered in this section were used in this study, they were explored to provide
a better understanding of how the technology has changed over time.
1.1.1

Light Detection and Ranging
LiDAR is an active sensor that generates its own energy for data collection of the

earth’s surface and features, instead of relying on the sun’s illumination of the earth
(Campbell and Wynne, 2012). LiDAR systems use lasers emitted from a sensor to
simultaneously gather data of the earth’s surface, vegetation, and anthropogenic
structures. The data points collected from the reflected surfaces can be filtered and
manipulated to create high-resolution topographic imagery (Van Den Eeckhaut et al.,
2007). The lasers (light amplification by stimulated emission of radiation) used in LiDAR
applications are highly focused beams of light, concentrated in carefully selected
wavelengths within the electromagnetic spectrum (Jaboyedoff et al., 2012). Pulses of
light are emitted in the visible spectrum (specifically, the green band at 0.532
micrometers) or near-infrared (1.64 micrometers) regions of the electromagnetic
spectrum (Campbell and Wynne, 2012; Renslow et al., 2000). Using light emissions in
the near infrared (NIR) can cause problems for data collection when encountering bodies
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of water. Bodies of water absorb NIR, and pulses that are emitted from the sensor in the
NIR are not returned (Renslow et al., 2000). LiDAR is thus constricted to collection in
times of fair weather. Fog, rain, or any precipitation scatters NIR pulses and the data
collected does not meet accuracy standards. Inclement weather may be unavoidable, but
methods for gathering data from regions with bodies of water have been developed. As
mentioned above, LiDAR can also be emitted in the green band, which can penetrate
shallow bodies of water and reflect off the bottom of the waterbed back to the sensor
(Renslow et al., 2000).
The main system components for capturing LiDAR data consist of the laser
scanner, global positioning system (GPS), inertial measuring unit (IMU), a highly precise
timing clock, and a computer with the capability to not only store the data but also
provide real time spatial positioning (Van Den Eeckhaut et al., 2007). All of these
components are simultaneously working together to produce highly accurate data.
LiDAR systems are equipped with high performance laser scanners emitting at least
15,000 pulses per second and upwards of 300,000 pulses per second (Campbell and
Wayne, 2012; Renslow et al., 2000). The LiDAR scanner not only acts as a scanning
device but also as a transmitter and receiver of laser pulses (Jaboyedoff et al., 2012). The
laser scanner emits light pulses and every single pulse of light is time stamped with the
precise timing clock onboard the platform. The light’s travel time from the scanner to an
object (e.g. anthropogenic structure, vegetation, bare earth) back to the scanner is
calculated and recorded. From these multiple returns, bare earth returns can be
amalgamated to create a DEM (Jaboyedoff et al., 2012).
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For the laser’s emissions to be calculated preciously and to have a spatial
reference, the LiDAR systems must have an accurate set of geographic coordinates as
well as the altitude position of the airborne platform. The position of the airborne
platform is constantly recorded with the GPS unit. The GPS positions are also recorded at
a ground station with a known position to correct all of the GPS data (NOAA, 2012). The
last component, the IMU, corrects the data for the airborne platform’s turbulence
movement, accounting for the plane’s roll, pitch, and yaw for every single return.

Figure 1-1. Rendition of LIDAR data collection acquisition from an airplane in a
saw-tooth pattern (Reutebuch et al., 2005).

Flight lines are determined before the acquisition of LiDAR data (Renslow et al.,
2000), and are executed with each flight line parallel to the next. The individual strips of
data are collected in this fashion to merge into a continuous image (Campbell and Wynne
2012). An airborne LiDAR commonly uses an oscillating mirror to emit light pulses in a
saw-tooth pattern on the ground, as shown in Figure 1-1. These unprocessed returns in

10
their irregular spacing are interpolated to produce a regular spaced grid with x, y, and z
information. It is possible for the grids of x, y, and z values to have horizontal and
vertical accuracy ranging from 15-cm to 30-cm (Campbell and Wynee 2012).
LiDAR sensors can also vary in the type of data being collected such as waveform
LiDAR, but this data will focus upon discrete return LiDAR. Discrete return LiDARs
produce up to four or five returns for every pulse of light emitted. For example, the first
returns from a pulse in a forested area are the x, y, and z coordinates of the top of the
canopy. The next set of returns is representative of the foliage on the trees or vegetation
on the forest floor. The last set of returns is often referred to as bare earth returns which
represent the topography of the earth’s surface. The last returns also having x, y, and z
coordinates allow for 3-D representations of the earth to be created in striking detail
(Jaboyedoff et al., 2012). Problems can arise when the canopy or vegetation is very
dense. Estimation errors of the earth’s surface can occur when the last returns cannot
penetrate through dense vegetation to the ground. Instead of having the x, y, and z
coordinates with high resolutions, the data can be reduced down to that of contours drawn
from aerial photography (Jaboyedoff et al., 2012).
When the collection of LiDAR data is complete, the raw data (point cloud) must
go through post-processing before it can be created into DEMs (Renslow et al., 2000).
The returns are run through data processing methods that include filtering, anomaly
detection, and resampling (Campbell and Wynne 2011; NE DNR, 2015). Point cloud data
is often interpolated into DEMs to be used for multiple forms of analysis in ArcGIS
(Campbell and Wynne, 2012; Renslow et al., 2000).
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Incorporating DEMs from LiDAR into landslide studies has significantly grown
over the past decade (Kasai et al., 2009; Schulz, 2007; Van Westen et al., 2008), and has
been predicted to become a ‘standard tool’ in landslide analysis (Jaboyedoff, 2010).
Compared to previous studies using aerial photography derived DEMs, LiDAR DEM
landslide studies have an unmatched resolution of bare earth features. The capabilities of
the new remote sensing technology are beginning to be explored and are yielding
impressive results (Van Westen et al., 2008). The collection process of LiDAR data and
its transformation into a DEM from start to beginning can be convoluted and complex,
but the end result outweighs its omission from landslide studies. LiDAR’s striking level
of detail and accuracy set it apart from other remote sensing methods, and its likely that
most landslide studies will eventually include at least one form of LiDAR data analysis.

1.2 Methods for Assessing Landslide Susceptibility
Landslide susceptibility assessments fall into two analytical categories: qualitative
and quantitative. Qualitative landslide susceptibility mapping uses carefully chosen
factors that are considered to contribute to landslides (Lee and Jones, 2004). These
factors are typically based upon the information that is available for data collection and
analysis. Also, an expert’s opinion and knowledge of the area is used to assign selected
factors a weighted value (Fourmelis et. al, 2004; Abella and Weston, 2008). A key
component of using a qualitative analysis is the use of weighting factors or ranking
factors in order of importance. The factors are weighted to produce susceptibility values
that can be mapped into distinct classes. On a map, these classes show areas ranging from
high to low susceptibility.
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Another advantage of using a qualitative analysis lies within GIS. The researcher
is able to change the weighted significance with new information and with additional
factors weighted into the study. GIS is a versatile tool, increasing landslide inventories
and the accuracy of landslide studies. Changing the values and weights through
qualitative methods allows the researcher to create susceptibility maps in a time efficient
manner. The sheer amount of studies using GIS in data analysis is quite impressive
(Wang et al., 2012). In the literature regarding qualitative analysis, questions arise against
the methodology in relation to the generalizations of the study areas and the amount of
subjectivity involved in determining the weight of factors (Regemi et al., 2010). Even
though there are critics of the qualitative methodology, the advantages outweigh the
disadvantages. Also the use of qualitative methodologies in a small-scale study or in a
smaller regional analysis is not only considered as an acceptable form of analysis, but
also seen as a major advantage (Ayalew and Yamagishi, 2004; Foumelis et al., 2004).
Quantitative methodologies can be considered as indirect mapping approaches,
incorporating either bivariate or multivariate statistical analysis (Lee and Jones, 2004).
An example of a bivariate analysis is a weight-of-evidence model (e.g. Lee and Choi
2004 examining the distribution of landslides in Korea). Lee and Choi (2004) constructed
a spatial database using landslide-contributing factors and compared them to actual
observed landslides. Forty-two combinations of the factors were calculated in a test of
independence, and each combination’s accuracy was validated by calculating the
correlation between the predicted landslide locations and known landslide locations (Lee
and Choi, 2004). The combination with the highest rate of accuracy included slope,
curvature, topographic type, timber diameter, geology, and lineament factors (Lee and
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Choi, 2004). Another variable considered for the final landslide susceptibility map was
slope aspect. In Lee et al. (2004), the cardinal direction a land surface was oriented
played a significant role in the probability of a landslide occurring. Slope aspects that
faced to the north, east, and northeast had much higher probability-likelihood ratios than
southerly facing slopes. Another study in northeastern Kansas failed to establish a
statistical connection between slope aspect and landslides (Ohlmacher and Davis, 2003).
Bivariate models can be complex and very time intensive to produce landslide
susceptibility maps. Other quantitative studies using a multivariate statistical approach,
while still complex, can provide a probability-likelihood ratio for each individual factor.
These statistics are informative and allow the researcher to see direct spatial relationships
between a factor’s characteristics and the occurrence of a landslide. Lee et al. (2004)
incorporated 483 landslides into their study, and the majority of these were mapped. Lee
et al. (2004) were able to assign a probability-likelihood ratio for a factor’s classes
instead of using a combination of factors to predict where landslides occurred. For
example, the factor of slope was broken down into nine classes ranging in values from
zero degrees to ninety degrees. Each one was assigned a different probability-likelihood
ratio and, as expected, classes with higher degrees (26°-32°) had ratios higher than one,
indicating a strong relationship to landslides. This style of methodology is very insightful
to understanding the causes and contributing factors of landslides.
The area of investigation for this study was a single county along the north-central
border of Nebraska, and thus the use of qualitative methodology was a reasonable method
of landslide analysis. With the factors used in this study a qualitative approach was used
in the classification of these factors, but were based upon the results of quantitative data
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completed outside a GIS. Qualitative landslide studies are important to note, as the first
landslide investigations in Nebraska were completed in GIS using a qualitative approach
(Han et al., 1992). These studies used differential weighting and significance of
contributing landslide triggers and factors to create a susceptibility map for the state of
Nebraska (Han et al., 1992, Eversoll, 2013).

1.3 Occurrence of Landslides in Cretaceous Shales in Interior U.S.A.
The Great Plains and Rocky Mountain region in the central United States has
experienced copious amounts of landslides that vary in size and classification type,
particularly in areas underlain by Cretaceous shale. Landslide study areas include
multiple locations bordering the Missouri River valley, ranging from northeastern Kansas
to Pierre, South Dakota (Erskine, 1973; Eversoll, 2013; Ohlmacher and Davis, 2002;
Scully, 1973). Cretaceous shale underlying portions of the Great Plains along the
Missouri River is the main focus of this study and past studies in the interior of the
United States (Scully, 1973; Hunt et al., 2013; Regmi et al., 2013). Regmi et al. (2013)
focus on the application of logistic regression through a weight of evidence model to
produce a susceptibility map for their Colorado study area. The study by Regmi et al.
(2013) is relevant to the present study as (1) it is a more recent study on landslide activity
using updated remote sensing technology and GIS than previous studies completed in
South Dakota, (2) it provides an example of how the activity of landslides on Cretaceous
shales can be studied using quantitative methodologies, as mentioned previously, and (3)
that the combination of updated technologies and statistical approaches can be applied to
creating a susceptibility map in areas with Cretaceous shale.
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The bedrock of the Great Plains landslide studies are of the Upper Cretaceous age
(100 to 66 Ma). The Niobrara Formation (Upper Cretaceous) consists of limestone,
chalks, marls, and shales (Longman et al., 1998). Upper Cretaceous Pierre Shale covers
significant portions of the Great Plains, especially in South Dakota (Scully, 1973; Hunt et
al., 1993). The lower Niobrara unit is dark-gray in appearance, when weathered can
appear as pale shade of orange, and is considered to be more stable than the overlying
Pierre Shale (Erskine, 1973). The Pierre Shale formation is derived from three major
sources: (1) windblown volcanic ash, (2) eroded terrestrial deposits, and (3) from
minerals derived from the precipitation of dissolved salts and marine organism activity
(Scully, 1973; Schultz et al.,1980). Within the Pierre Shale formation there are several
individual members with varying amounts of mineral and physical discontinuities
resulting in behavioral differences concerning landslide activity. Individual members of
the Pierre Shale are discussed in detail below in section 1.4 of this study.
The clay mineralogy of the Pierre Shale is dominated by montmorillonite
(Na0.2Ca0.1Al2Si4O10(OH)2(H2O)10). In the areas around Pierre, South Dakota, and near
the Fort Randall Dam, the montmorillonite mineral composition varied between
individual Pierre Shale members. Montmorillonite is a 2:1 clay mineral characterized by
a high degree of shrink-swell. Figure 1-2 is a depiction of a 2:1 clay mineral. It is one
octahedral sheet compressed between two tetrahedral sheets to create one layer. Between
layers there is an interlayer space. The interlayer space has the capability to hold water
resulting in clay swelling (Brady & Weil, 1996). Repeated wetting and drying, and thus
expansion and contraction, increases the possibility of landslide occurrences in two ways,
both related to the presence of water. The first is that water acts as a lubricant to landslide
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movement. The second is the ability of the interlayer space to expand and hold water. As
water accumulates in the interlayer space, mass is added to the shale. If this scenario is
geographically located on a high slope angle, the odds for landslide movement increase.

Figure 1-2. Depiction of a 2:1 clay mineral extracted from Brady & Weil (1996).
2:1 clays are a common occurrence in Knox County, Nebraska.

In Pierre Shale landscapes in South Dakota, a combination of factors created a
landscape riddled with both old landslides and fresh landslide scarps. Erskine (1973)
speculated that the peak of landslide activity in the area is occurred during the latest
glacial advance. During this time, the surplus groundwater available, combined with
precipitation events, facilitated landslide activity in the Pierre Shale surrounding the
Missouri River valley (Erskine, 1973). According to Erskine (1973), the area has
transitioned from having increased amounts of precipitation and groundwater, to a
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climate that is considerably drier overall. If true, recent landslide activity has perhaps
waned compared to the previously wetter climate. While glacial advances provided the
supply of water for the Missouri River, the glaciers also diverted the river to flow in a
southeasterly direction (Erskine, 1973). As a result, the Missouri River dissected through
the Pierre Shale in many locations and is currently entrenched in the more stable Niobrara
Formation.
Another driver behind landslides in Pierre Shale is attributed to anthropogenic
causes. Anthropogenic activity is accelerating the rate at which landsliding is occurring in
South Dakota, with the primary cause being related to road construction and the creation
of reservoirs (Erskine, 1973;Scully, 1973; Hunt et al., 1993). Landslides occurr in cuts
and fills created during road construction through the Pierre Shale (Scully, 1973;
Eversoll, 2013). Other anthropogenic activity contributing to landslides in the region was
the creation of the Fort Randall Reservoir and the Oahe Reservoir (Erskine, 1973; Hunt et
al., 1993). Also, in the area immediately surrounding the reservoir, water lapping at the
exposed Pierre Shale increased the rate of erosion and signs of distress on the landscape
in the vicinity of the two reservoirs. While landslides would still occur in these areas,
they are accelerated by anthropogenic activity (Erskine, 1973;Scully, 1973; Hunt et al.,
1993).
From the observations around the Fort Randall Reservoir, landslides occurring
along the inner valley of the Missouri River were frequent where steep slopes were cut
into the Pierre Shale, making it unstable. Pierre Shale overlying the Niobrara Formation
however experiences fewer landslides, but erosion of the Niobrara Formation can lead to
increased landslide activity in the Pierre Shale. Increased precipitation raises the
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groundwater table, and prolonged saturation are natural landslide triggering factors for
Pierre Shale (Erskine, 1973). The majority of landslides in the Fort Randall area are of
the slump-earth-flow style in which two kinds of movement occur, but rockfalls, bedrock
slumps, soil slumps, slow earthflows and block guides are possible (Erskine, 1973).
Another important study was conducted around Pierre, South Dakota along the
Missouri River, northwest of the Fort Randall study area. Landslides that are observed in
the Pierre Shale in this region are similar to those in the Fort Randall Reservoir area and
the areas of study are selected along or in close proximity to the Missouri River. Scully’s
(1973) study arbitrarily divides landslides into two categories by size: small and large.
Large scale slumps, block slides, and complex slides were a common occurrence in the
Pierre Shale. Scully (1973) also suggests that the large-scale landslides are dependent on
the amount of influx water. This notion is especially true for uplands covered with a
permeable material that overlies the Pierre Shale on steepened slopes (Scully, 1973).
In summary, while Regmi et al. (2013) provided a light overview of the geology
of their Colorado study area, their research provided an example of the application of
landslide susceptibility to Cretaceous shale. Erskine (1973) and Scully (1973), however,
both provided excellent, comprehensive examples of landslides in the Pierre Shale in the
South Dakota study areas. The Erskine (1973) and Scully (1973) studies provide an
excellent reference for the present study, as the study areas are located in the same
geographical region along the Missouri River.

1.4 Geographic and Geologic Setting
The study area for this project is located in Knox County, in the northeastern
portion of Nebraska. The county seat is in Center, Knox County and small villages such
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as Niobrara, Wausa, and Verdel are sparsely located throughout Knox County. The
Santee Sioux hold lands in Knox County on the Santee Reservation located to the east of
Niobrara (Fig. 1-3). In Cedar County, the county immediately to the east of Knox
County, the construction of Gavins Point Dam has created a reservoir, now named Lewis
and Clark Lake. Lewis and Clark Lake is clearly visible in northern portion of the county,
extending from the village of Santee, to the eastern county border. Niobrara State Park is
located west of where the Niobrara River meets the Missouri River and encompasses the
bluffs south of the Missouri river to State Highway 12.
In total, the study area or the entirety of Knox County is 1,366,064 acres or about
6,765 km2 (2,608 mi2). The elevation of the county ranges from 367-m to 590-m. The
lowest elevations are found in the Missouri River valley in the northern portion of the
county, and also in the Niobrara River valley (Fig. 1-3). The Niobrara River flows into
the study area from the west to its confluence with the Missouri River. Generally,
elevations across Knox County increase slightly moving west with drastic changes in
elevation most notably along the bluffs facing the Missouri River, where 100-m
differences in relief are observed from the bluffs down to the river valley. The highest
slope degree angles in the area reach as high as 83°.
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Figure 1-3. Map of Knox County, Nebraska. For reference the bottom left hand
corner shows the location of Knox County within the state of Nebraska. The
map of the county includes the location of physical features and locations for
reference points throughout the study. Elevation shown in meters is retrieved
directly from the 2-m DEM derived from LiDAR.

Geology
The Niobrara River has carved a valley through the Cretaceous Pierre Shale and
into the underlying Niobrara Formation (Martin et al., 2007). The Niobrara Formation is
the lower of the two and contains chalk, calcareous shale, and shaly limestone (USDA
NRCS, 1997). The Pierre Shale is composed of bentonitic shale, siliceous shale,
calcareous shale, and non-bentonitic shale (Scully, 1973). The Ogalalla Group (Miocene)
is situated atop the Pierre Shale. The Ogalalla Group is composed of beds of sand, limecemented sandstone, and sandy silt with some areas of lime (USDA NRCS, 1997).
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In Knox County there are three stratigraphic members identified in the Pierre
Shale by the USDA-NRCS, (1997). Martin et al., (2007) advocates for Pierre Shale to be
elevated to the rank of a Group and for members of the Pierre Shale to be reconsidered as
formations. This study refers to individual members in Pierre Shale rather than
formations in Pierre Shale for continuity between the references used in this study. The
uppermost layer is the Elk Butte member, second is the Mobridge member, and at the
bottom is an unnamed member (USDA NRCS, 1997). Of the three Pierre Shale members
in Knox County, two are identified in the South Dakota studies previously mentioned:
Mobridge member and Elk Butte member (Bruce and Scully, 1966; Scully, 1973;
Erskine, 1973). Interestingly, the Mobridge member has a lower montmorillonite clay
content than the other two members of the Pierre Shale. As a result, the Mobridge
member contains calcareous marl layers and concretions of almost pure limestone. These
layers are more resistant to weathering than the other members with higher
montmorillonite contents (Scully, 1973). The Elk Butte member, on the other hand, has a
higher montmorillonite clay content. Although there are calcareous concretions in the
Elk Butte member, it is weakly cemented and coupled with its higher montmorillonite
content; the Elk Butte member weathers easily (Erskine, 1973; Scully, 1973). In South
Dakota, more landslides were observed in the Elk Butte member than in the Mobridge
member (Erskine, 1973; Scully, 1973). Although the Pierre Shale is dealt with as a single
unit in this study, the statistical analysis of individual soil series results show a similar
trend of landslide occurrences in Knox County. The lowest of the members identified in
Knox County remains unnamed, but based on descriptions of the Pierre Shale members in
South Dakota it is comparable to the Virgin Creek member and the Verendrye member.
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Climate
The average annual temperature from 1981-2010 was about 8-10°C (HPRCC,
2016). Summers in Knox County can be hot and humid and winters can be very cold with
some snowfall. The highest maximum temperature from 1965 to July of 2010 reached
43°C (HPRCC, 2016). While temperatures can reach over 40°C, Knox County annual
precipitation normals recorded for the years 1981-2010 are measured to be around 680mm (HPRCC 2016). The lowest recorded temperature in the county was -36°C (HPRCC,
2016). Winter snowfall normals for the county was around 600-mm for the years 19812010 (HPRCC, 2016).

Land use
Most of the land use in Knox County is devoted to agricultural practices. Knox
County is a sparsely populated, rural county with a population around 10,000 persons
(US Census, 2010). For Knox County, nearly 58 percent of the total acreage on farms is
comprised of cropland and approximately 32 percent of the county qualifies as prime
farmland as designated by the USDA-NRCS (USDA NRCS, 1997). The main crops
grown in Knox County are corn, small grain, alfalfa hay, and sorghum. Soybeans are also
grown in the county, but to a lesser extent (USDA NRCS, 1997). Pasture dominates the
county where cultivated crops are not practical, and rangeland makes up about 39 percent
of the agricultural land in Knox County. Pasture grounds provide nutrition for grazing
livestock in the area (USDA NRCS, 1997). Nearly all agricultural practices and livestock
grazing occurs south of the Missouri River valley bluffs in Knox County. North of the
bluffs, the low-lying wetlands, steep slopes, and the Missouri River generally hinder land
use pertaining to agriculture.
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1.5 Research Goals
Currently, publications on landslides in Nebraska focus upon general landslide
factors for areas as large as the entire state. Research conducted on Nebraska landslides
has provided a general overview of susceptibility factors and providing mitigation
strategies (Han et al., 1992; Eversoll, 2013). South Dakota reports on landslides in Pierre
Shale are detailed geologic and engineering explanations for slope failures in Pierre
Shale. Reports conducted on landslides in South Dakota containing similar geologic
histories were conducted over smaller or multiple geographic areas (Erskine, 1973;
Scully 1973). Compared to the Nebraska counterparts these landslide reports provide an
extensive geologic history and background. Between the two states, there is a stark
division in the presentation of information. The Eversoll (2013) Nebraska publication on
landslides is intended for a general audience whereas the South Dakota reports are for an
audience with specialized knowledge. While the Nebraska publications on landslides has
created landslide susceptibility maps, the South Dakota reports contain cartographic and
remote sensing methods that are outdated, but provide a detailed geologic report.
This study merges the division between the Nebraska landslide publications and
South Dakota reports, while augmenting methods with logistic regression, GIS, and
LiDAR. This study focuses on a single county for an-in depth view of factors
contributing to landslides in that area. Previous maps created in the region were
qualitative susceptibility maps or direct observations of landslides using aerial
photographs (Bruce and Scully, 1966). This study produced a landslide susceptibility
map based on advances in remote sensing, an updated GIS, and a combination of
qualitative and quantitative methods. Research on landslides incorporating these methods
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is used around the world with a large portion of research generally in areas of moderate to
extreme topographic relief (Ayalew and Yamagishi, 2003; Regmi et al., 2013; Hussin et
al., 2016). This study uses these methods and applied them to a relatively low relief area
such as Knox County, Nebraska. Ultimately the research goals of this study aim to
deliver a rich explanation of factors that contribute to landslide research and provides a
landslide susceptibly map that a general audience or members of either private or
government agencies can use for Knox County, Nebraska by incorporating recent
advances in landslide susceptibility methodology and previously completed Nebraska
landslide publications and South Dakota landslide reports.
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2 Methods
The methods used for the identification of landslides and creation of a landslide
susceptibility map was aggregated using several different databases, mapping software, R
statistical software, and building upon previous research. Online databases were crucial
to the data collection process to perform statistical analyses. Data for this study was
obtained from the USDA-NRCS Web Soil Survey, Nebraska’s Department of Natural
Resources, United States Census Bureau, and the National Land Cover Database. The
main software component used throughout the mapping process and data analysis was
conducted through Esri Geographic Information Systems ArcGIS 10.2.2-10.4.1. For this
study, six variables were considered in the landslide susceptibility mapping process: soil
series, parent material, land cover, slope degree, curvature, and aspect. Data provided by
these six variables were used in R statistical software and provided the results for a final
landslide susceptibility map.

2.1 Data Collection
Soil data was downloaded from the Web Soil Survey on the USDA-NRCS
interactive website in May of 2015 for Knox County. Soil boundaries and physical map
units were acquired in the form of Esri shapefiles. The majority of map units were
collected at a scale of 1:12,000 and range up to 1:63,000 (USDA NRCS SSURGO,
2015). The shapefiles contained map unit symbols corresponding with the individual soil
series. Polygons were merged together to combine similar soil series map units,
condensing thousands of individual map unit polygons down to 53 unique map unit
symbols. As a result, one soil series is represented with one polygon. In a separate
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shapefile, the condensed soil series’ map units were merged according to the soil’s parent
materials, reducing the map units to 11 different parent material values. The downsized
attribute table enabled the creation of a new GIS shapefile layer, representing parent
material boundaries. In the conversion process to a raster layer, the spatial accuracy was
maintained at a high level, at a cell size of 5-m by 5-m units.
Land cover is utilized in landslide studies to determine if vegetation differences
contribute to landslides (Gorsevski et al., 2006; Temesgen et al., 2001). Developed land
cover is also a common variable used to determine if anthropogenic activity is a
statistically significant factor leading to landslide events (Arbanas and Arbanas, 2015;
Hussin et al., 2016). Land cover was obtained through the National Land Cover Database
for the year 2006 (NLCD, 2006), obtained by the Landsat 5 Thematic Mapper (TM). Via
satellite, the Landsat 5 Thematic Mapper (TM) obtains land cover data. For Knox
County, a total of 8 different land cover classes were used in the statistical analyses. The
GIS shapefile representing land cover had a 30-m by 30-m spatial resolution. Developed
land cover was originally classified as low, medium, or high, but was merged together
into a single category for this study.
The other three factors, slope degrees, slope aspect, and slope curvature, were
determined from a resampled 2-m resolution DEM that was accessed from a LiDAR
survey funded by the Nebraska DNR in cooperation with the USDA-NRCS. Acquired
from 2009 to 2013, the LiDAR data is available through the Nebraska DNR (NE DNR,
2015). The LiDAR data used in this study was estimated to meet a standard of 18.5-cm
for its vertical accuracy. For the horizontal accuracy, LiDAR data met or exceeded a
standard of 60-cm (NE DNR, 2015). Vertical accuracy was specified to meet a standard
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of root mean square error (RMSE) equal to 18.5-cm (accuracy of 0.36-m at 95%
confidence level) (NE DNR, 2011). Horizontal accuracy was specified to not only meet,
but also exceed, an RMSE equal to 0.6-m (accuracy of 1.04-m at the 95% confidence
level) (NE DNR, 2011). Using a resampling technique, the DNR produced 2-m DEMs by
resampling the USDA-NRCS 1-m DEMs for select counties throughout the State of
Nebraska, through ArcGIS Spatial Analyst using the bilinear interpolation technique (NE
DNR, 2015). Bilinear interpolation uses the weighted average of four surrounding points
to produce one resampled value (Esri ArcGIS Resource Center, 2015). After the
interpolation technique, the Knox County DEM had a final resolution of 2-m. The 2-m
DEM was a bare earth product that had been stripped away of all anthropogenic
structures including roads, homes, and buildings as well as all the vegetation in Knox
County.
The LiDAR derived DEM acquired from the Nebraska DNR was analyzed in
ArcGIS’s ArcMap 10.4.1.Using the LiDAR DEM as an input raster, slope degrees were
calculated for Knox County. Research previously completed from Lee et al. (2004),
found an increasing slope degree was linked to having a relationship with higher rates of
landslide occurrence. Lee et al.’s (2004) assigned slopes ranging from 3 to 6 degrees a
probability-likelihood ratio to have an occurrence of a landslide at 0.173, and a slope
ranging from 31 to 82 degrees had a probability-likelihood ratio of 2.824). LiDAR data
from Knox County shows varying slope degrees ranging from 0 to 3 degrees to areas
with slope angles well over 30 degrees, and a maximum of 84 degrees. The slope degrees
shapefile had a resolution of 2-m cells.

28
From studies previously completed (Ayalew and Yamagishi, 2005; Lee, Choi, and
Kim, 2004), different slope aspects have been shown to vary by the cardinal direction the
slope is facing, and therefore was incorporated as a factor in this study. The slope aspect
map for this study, determined by using the LiDAR DEM, was reclassified within
ArcMap. It was a raster layer that contained numerical values ranging from 0° to 360°
representing the cardinal directions. The numerical values were reclassified categorically
as north, northeast, east, southeast, south, southwest, west, and northwest. The final slope
aspect map maintained a resolution of 2-m.
Curvature of the slope was the final variable considered in developing the
landslide susceptibility map. A profile curvature analysis in ArcGIS for this study
provided values ranging from -800 to 806. Positive values represent slopes that are
upwardly convex, while negative values represent slopes that are upwardly concave.
Values at or around 0, while not completely level are generally flat areas (Lee et al.,
2004). These values remained a continuous dataset and were not split into individual
classes or categories. Curvature values ranging from 25 to 806 and -200 to -800 were
convex and concave slopes, respectively, that have a higher propensity to hold water for
longer periods of time (Lee et al., 2004).

2.2 Landslide Identification
Landslides were mapped by overlaying a 1-m resolution rectified digital image of
Knox County over a 2-m resolution hillshade created from the LiDAR DEM within
ArcGIS. In some instances, during the identification process, ArcScene was also
employed for a 3-D perspective of landslides. It is important to note that while many of
the landslides were validated by a field survey or by the current Nebraska landslide
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inventory, not all were accessible. A majority of the landslide identification process
occurred using rectified digital imagery of Knox County and hillshade DEMs.
Identifying landslides from a remote sensing perspective was not only practical from a
time perspective, but has also been defended as a more accurate practice than mapping in
the field (Guzzetti et al., 2012). The notion of analyzing from an aerial perspective as
more accurate than field surveys is commonly accepted because at the ground level,
boundaries and features are not straightforward or are obscured by vegetation (Guzzetti et
al., 2012). Landslide scarps identified on rectified digital imagery or the 2-m hillshade
were manually digitized. The digitized landslide scarps were converted to polygons to
match the datum, projection, and coordinate system of the other map layers. For the
entire study area, 200 landslide scarps were mapped by heads-up digitization.

2.3 Logistic Regression
Data analyses completed in ArcGIS was exported to Rstudio for statistical
analyses. A Bayesian approach was selected for the study. The dependent variable was
assigned a value for a landslide being present or absent. The presence of a landslide is
considered a success and was assigned a value of 1, whereas the absence of a landslide
was considered a failure and assigned a value of 0. The independent variables were the
six factors speculated to have an impact on landslides. Cells were randomly sampled
from landslide scarps and from areas without landslide activity. An equal number of cell
locations were randomly selected for each outcome to eliminate any bias from the data
sampling process. The six independent variables or explanatory variables identified for
analysis were land cover, parent material, soil series, slope degree, slope aspect, and
slope curvature.
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For each variable, a cell value was extracted for both landslide locations and
locations with no landslide. Several combinations of dependent and independent
variables were assessed to determine the best predictive model. First, a test of
significance was conducted on the continuous explanatory variables (slope and curvature)
and the categorical explanatory variables (soil series, parent material, land cover, and
slope aspect) individually, to gain insight into which factors were significant within each
explanatory variable. Odds ratios were calculated based on the coefficients calculated in
the tests of significance. A cross validation model was then used to test the predictive
accuracy of the predictive models. The cutoff to determine the probability of success or
failure was set to 0.5. Any rows or combinations of explanatory variables predicted with
a probability greater than 0.5 were classified as success, and any row with predicted
probability with less than 0.5 was classified as a failure. The overall prediction accuracy
is a measure of how many times the model was able to successfully predict a success
(landslide occurrence), or successfully predict a failure (landslide absence).
From the cross validation, a confusion matrix was created, which enabled several
performance metrics to be calculated (Fawcett, 2006). The confusion matrix shows true
positives, false positives, false negatives, and true negatives. The metrics calculated from
this matrix were the specificity, sensitivity, and false positive rate. Using the metrics
calculated from the confusion matrix, a receiver operating characteristic (ROC) curve
was produced, graphing the sensitivity versus the false positive rate. A ROC curve is a
visual aid to show the predictive power of a model. The further away an ROC curve was
from the line of random chance, specifically towards the upper left hand corner of the
plot, the higher the prediction accuracy of the model. All of these steps were carried out
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for each individual explanatory variable and for each combination of explanatory
variables.

2.4 Landslide Susceptibility Map
The landslide susceptibility map produced in this study represents areas of high
and of low susceptibility based on the results of statistical analyses. Only four of the
explanatory variables returned as significant when all six factors were analyzed together
in one model. Aspect and curvature were not found to be significant landslidecontributing factors, and were omitted from the landslide susceptibility map. The four
factors used to create the map (soil series, parent material, land cover and slope degree),
were reclassified in a GIS according to their odds ratios calculated in RStudio.
All four factors were reclassified by their odds ratios. In a raster format the four
layers’ values were added together for a final spectrum of low susceptibility to high
susceptibility. Slope’s odds ratio was used individually. As slope was the only continuous
variable, all the slope degrees values were multiplied by its odds ratio value of 1.29. The
other three significant factors (soil series, parent material, and land cover) were
categorical. Their odds ratios could not be used to multiply a categorical variable.
Although the fourth fitted model combining slope, soil series, parent material, and land
cover had the highest predictive accuracy with the most amount of variables, a smaller
amount of individual categories were identified as significant and their odds ratios were
smaller overall. To create a susceptibly map that maximized categorical variable odds
ratio values, slope and one categorical value were statistically analyzed. The odds ratio
values from these results were used for the individual categorical values to show greater
differences in landslide susceptibility. Although the prediction accuracy was slightly
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lower than the combination of slope, soil series, parent material, and land cover, the
significant categorical values prediction accuracies were still at or above 90%. After
each of the four significant variables were reclassified according to their odds ratios, the
map layers were combined. During the combination process the odds ratio values for
every map cell was added together. The combined odds ratio map layer contained values
ranging from 3 to 127 and was displayed using a color spectrum of green to red. Green
represented low landslide susceptibility and red represented high landslide susceptibility.

2.5 Random Accuracy Assessment
To verify how well the landslide susceptibly map actually performed when
mapped onto the county, a simple arithmetic method was employed. Jenk’s natural breaks
classification method (Dent et al., 2009) was employed to break down the map into five
classes. The five classes were classified as very low, low, moderate, high, and very high.
Finally to test the prediction accuracy of the map, 1000 random cell units were extracted
from the final landslide susceptibility map in areas that contained a landslide scarp. The
extracted cells were from the digitized landslides. The random cell units were analyzed to
see how many random landslide cell units the susceptibility map classified as highly
susceptible as opposed to low susceptibility.
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3 Results
3.1 Landslide Inventory
In total, 200 individual landslide scarps were mapped within Knox County using
ArcGIS. The vast majority of the landslides were rock slumps, earth slumps, or complex
landslides. There is one highly visible instance of a rock topple, but it was a lone incident
within the county, and therefore it was omitted from the inventory. Figure 3-1 displays
where landslide scarps digitized for this study were spatially distributed in Knox County.
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LiDAR derived DEM of Knox County, Nebraska. State Highways along with
Cities and Villages are shown.
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The majority of landslides were located along the Missouri River, Niobrara River,
creeks draining into the Missouri River, and in areas of relatively high slope degrees. All
along the northern boundary of the county, landslides were identified on the bluffs and
high relief slopes overlooking the Missouri River. Verdigre Creek and Bazile Creek were
also bordered by a fair number of landslides. In the northwestern corner of the county,
the Niobrara River Valley also contains a number of landslides located on the northern
side of the river.

3.2 Types of Landslides Identified in Knox County
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Figure 3-2. (left) Illustrated diagram of a rock slump from Eversoll (2013).
Figure 3-3. (right) Detailed 1:2,500 scale 2-m hillshade of rock slumps in
Cretaceous shale located along State Highway 12 in western Knox County. Slope
lengths vary from about 85-m to 105-m.

Rock slumps occur frequently in Knox County. Figure 3-2 is a schematic
illustration of the movement that occurs in a rock slump. Rock slumps exhibit rotational
movement down a slope and often occur in relatively weak materials such as shale,
siltstone, and sandstone, all of which can be found in Knox County. The rotational
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movement creates concave scarps that are visible in high resolution DEMs as shown in
Figure 3-3. Earth slumps display the same type of movement, but they occur in different
type of material such as soils and unconsolidated sediment rather than mostly bedrock
(Cruden and Varnes, 1996). Smaller slump landslides were found across Knox County.
The size of slumps beside road networks and creeks south of the bluffs are relatively
small compared to their complex landslide counterparts alongside the Missouri River.
Smaller slumps along roads are often found in road cuts and fills created by road
construction. Fence lines in these areas are distorted when landslide movement occurs on
these slopes. Smaller slumps along streams and creeks in Knox County exhibit the
potential to enlarge through natural means. Increased exposure to water through heavy
rainfall events, a raised water table, or a creek eroding the toe of the landslide can
decrease the stability of the landslide causing it to expand. Areas of loess or in soils
derived from heavily weathered shale on increased slope degrees can exacerbate
landslide activity. Once this process is set into motion, the landslide generally migrates
upward until the slope becomes stable.
Many of the slopes with highly weathered shale appear to have experienced
landslide activity. Vegetation is present on these slopes, but the remnants of old
landslides remain visible upon a closer examination. In both aerial imagery and through
observing DEMs, areas with past landslide activity appear hummocky. Slopes with no
activity appear continually smooth and unblemished. The topographical difference on the
slopes is stark in a GIS (Fig. 3-3.). Landslide activity leaves the hillside appearing
disturbed, with an appearance of having been churned over and the hillside appears
hummocky. Another indicator of past landslide activity in the area is evident from

36
observing drainage pattern anomalies. As the age of a landslide increases, the complexity
of the drainage pattern in the area affected by the landslide also increases.
Complex landslides involving at least two types of movement can be identified
throughout Knox County (Cruden and Varnes, 1996). The complex landslide depicted in
Figure 3-4 is an example of at least rotational movement and earth flow. The main scarp
is clearly visible at the top of the landslide in the direct center. Moving further down the
landslide there are at least two minor scarps visible. At the start of the toe, transverse
cracks are clearly visible stretching horizontally across the toe. Stretching vertically from
the base, across the displaced material, radial cracks are observed. The Missouri River at
the bottom of the slide is continuously removing material from the toe, further weakening
the support of the landslide. The sides of this complex landslide on both the left flank
and right flank exhibit exposed earth materials.

Figure 3-4. A large landslide located in Niobrara State Park. LiDAR data has
been used in ArcScene to create a 3-D rendering of the landslide. Rectified
digital imagery from 2014 was laid over the LiDAR data to create a realistic 3-D
visual. The blue area is the Missouri River. The landslide is directionally faced
north to northeast. The height of the landslide is 79-m and the width reaches 197m.
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In ArcScene, the landslide was measured to have a height of 79-m and a width
measurement of 197-m. In a field visit, the landslide in Figure 3-4 contained a depression
that held a small pond of water. Along this small pond, the vegetation in the depression
was noticeably different than the grasses growing on the rest of the slide. The landslide
had inadvertently created areas of different land cover on the large slope. Other areas of
the landslide contain small coniferous shrubs on terraces that may have been part of the
original topography, but have moved downward with large earth movements. This
complex landslide closely resembles an idealized version of a complex slide (Cruden and
Varnes, 1996).

3.3 Statistical Analysis
For statistical analysis of the study area, a Bayes binomial logistic regression
model was selected. Areas were classified as one or zero depending on whether there was
a landslide present (1) or absent (0). Ones and zeros are the dependent variable. Multiple
combinations of the six explanatory or independent variables were executed to create the
best predictive model that included the most significant variables. Different combinations
of their predictive accuracy were graphed showing receiver operating characteristic
(ROC) curves. Individual ROC curves were created to visualize an independent
variable’s predictive ability. Clear contrasts are apparent between individual factors and
models based on the comparison of their results.
The first model calculated had one independent variable: slope degree. Alone,
slope degree proved to be an accurate predictor of whether a landslide would be absent or
present, with an overall predictive accuracy of 90.53%. Table 1 shows the confusion
matrix for slope degree and the classification results. The upper left hand corner shows
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the number of correctly predicted cells with no landslides while the bottom right hand
corner represents the number in which landslides were accurately predicted as present.
Confusion matrix for slope.

Original
0
1

Odds Ratio values for slope.
Classified
0
919
115

1
73
885

Classified
0
918
64

1
74
936

Classified
0
482
312

0.02186399

1.4135799

Original
0
1

Classified
0
1
0.9254
0.0746
0.064
0.936

Sensitivity and specificity along with false
negative rate and false postive rate for slope
aspect.

Confusion matrix for slope aspect.

Original
0
1

Odds Ratio

Sensitivity and specificity along with false
negative rate and false postive rate for model #4

Confusion matrix for fitted model #4.

Original
0
1

(Intercept)

1
510
688

Original
0
1

Classified
0
1
0.4859
0.5141
0.312
0.688

Table 3-1. Confusion matrix results of multiple factors and models. Sensitivity
and specificity results placed in a table for comparison.

In Table 3-1, the confusion matrix for slope, the lower left hand corner and the
upper right corner are examples of false negatives and false positives. For example in the
lower left hand corner, this model predicted 115 landslide cases when, in reality, there
were no cases of landslides. This would be considered to be a false negative. The upper
right hand corner of Table-1 indicates the number of false positive classifications, or
landslide occurrences that were incorrectly classified as present instead of absent.
The odds ratio values for slope in Table 1 shows the baseline or the intercept, and
the odds ratio for slope degree at 1.41, which can be interpreted as: for every one unit
increase in slope degree, the odds of a landslide occurring increase by 1.41. Using these
odds it can be inferred that the odds of a landslide in the floodplain of the Missouri or
Niobrara River will be very small but as the slope degree rises to the bluffs and hills, the
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odds of a landslide occurring become much greater. Figure 3-5 illustrates the differences
in slope degrees for Knox County.
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Figure 3-5. Slope degree values for Knox County, Nebraska based on a DEM
derived from LiDAR data.

Model four combined slope, parent material, soil series, and land cover.
Comparing the confusion matrix for slope to the confusion matrix for model 4 (Table 31), the total number of true positives increased from 885 in the first model (slope degree
only) to 936 in model 4 that combined slope degree, soil series, parent material, and land
cover. Overall, the correct classifications of both landslides and no landslides have an
impact on the sensitivity and specificity measures that are taken into account when
calculating the prediction accuracy of the model. A perfect model would have sensitivity
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and specificity at 1, and the false negative rate and the false positive rate at 0. A model
closer to these numbers is considered to be more accurate and have greater prediction
strength. Table 1 shows the sensitivity of the model at 0.9360 and its compliment, the
false negative rate, at 0.064. The measure of specificity for fitted model #4 is 0.9254 and
its compliment, the false positive rate, at 0.0756 (Table 3-1). These results are indications
of a successful model. In comparison to a poor prediction factor or model with an overall
prediction accuracy of 52%, the sensitivity is 0.5190 and the false negative rate is 0.4810.
Its specificity is 0.5262 with a false positive rate at 0.4738.

Parameter

Estimate

Std. Error

Z Value

Pr (>| z | )

Significance

(Intercept)

-3.74559

0.24951

-15.012

< 2e-16

***

Slope
Parent Material

0.30568

0.01635

18.695

< 2e-16

***

Colluvium
Eolain

-6.55363
-1.41383

2.1344
0.58286

-3.07
-2.426

0.00214
0.01528

**
*

Eolain sand
Glacial till

-0.39709
-0.74723

0.39393
0.43618

-1.008
-1.713

0.31344
0.08669

.

Loess
Sandstone

-0.32824
0.29999

0.25866
0.3441

-1.269
0.872

0.20443
0.38331

Shale
Silt
Siltstone
Water

1.64302
-1.59672
1.39117
-0.65262

0.26007
1.46372
0.45962
1.71315

6.318
-1.091
3.027
-0.381

2.65 e-10
0.27533
0.00247
0.70324

***
**

Significant codes: 0 ' *** ' 0.001 ' ** ' 0.01 ' * ' 0.05 ' . ' 0.1 ' ' 1

Table 3-2. Significance of predictor variables in Bayesian logistic regression for
landslides in Knox County, Nebraska: Slope & Parent material. The intercept or
baseline is alluvium.

The second model analyzed the combination of slope degrees and parent material.
Overall, the predictive power of the model increased by a small margin of 0.15%. Table
3-2 shows parent material is considered to be a significant factor along with siltstone,
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shale, eolian, glacial till, and colluvium all have p values less than 0.10. Negative
coefficients for colluvium, glacial till, and eolian materials, however, differentiate their
influence on landslide occurrence from siltstone and shale parent materials. The odds of a
landslide occurring in colluvium or eolian material are close to 0, but the odds of a
landslide are increased for areas with shale and siltstone parent materials. It must be
noted that variables with a p value greater than 0.10 cannot have their odds ratios
interpreted, as they are not considered to be significant. It must also be noted that
unranked categorical data cannot be interpreted the same as a continuous variable such as
slope degree.

Figure 3-6. Odds Ratios for
landslides in Knox County: Slope +
Parent material
Parameter

Odds Ratios

(Intercept)
Slope
Colluvium
Eolain
Eolain sand
Glacial till
Loess
Sandstone
Shale
Silt
Siltstone
Water

0.0236
1.3575
0.0014
0.2432
0.6722
0.4736
0.7201
1.3498
5.1707
0.2025
4.0195
0.5206

Table 3-3. Odds Ratio for landslides in Knox County, Nebraska: Slope & Parent
Material. The intercept is alluvium.

In the second model which evaluates slope and parent material, the estimated
odds of a landslide occurring in an area of shale are 5.17 as large as the estimated odds of
a landslide occurring in the intercept, which is alluvium in this case (Table 3-3). The
estimated odds of a landslide occurring in an area of siltstone are 4.01 as large as the
estimated odds of a landslide occurring in the intercept. Table 3-3 also shows the odds
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ratios for eolian sand, glacial till, and colluvium and the odds of a landslide occurring in
these parent materials are close to zero. Eolian sand and colluvium are interpreted in the
same manner as the other significant categorical variables, but these parent materials are
associated with lower odds of a landslide occurrence.
Using the odds ratios for significant variables, the values were reclassified in the
landslide susceptibility map. As an example, shale’s odds ratios were the highest of all
the classes under the variable parent material. The odds ratios results were applied
equally to all three shale members in the county. Siltstone had the next highest odds ratio,
and therefore its reclassification value was the second highest at 4.01. These classes of
parent material were assigned their odds ratios so that they could be combined with the
other significant variables to create a spectrum of high to low susceptibility with
numerical values instead of using a weighted system. Loess deposits in the state of
Nebraska are commonly associated with landslides (Han et., 1992; Eversoll, 2013) but in
this study loess did not prove to be a significant factor (Table 3-2). Figure 3-6 depicts
parent materials that were significant for Knox County, Nebraska.
The odds ratios and predictive accuracy for parent material, however, fluctuated
between models. Assessed independently, parent material had a predictive accuracy of
80%. Parent material and slope combined, increased the prediction accuracy to 90% in
the Bayes logistic regression model performing comparatively well against other models.
Within the slope and parent material model the differences in parent material reflect
landslides on the ground as well as previously completed literature (Scully, 1973;
Eversoll, 2013). The shale parent material returned as significant with a p value less than
0.05 and it also had the highest odds ratio amongst other parent materials.
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Figure 3-6. Map highlighting significant parent material in Knox County,
Nebraska completed for this study using a logisitic regression analysis. All nonsignificant factors are combined and represented by one categorical color.

The third model added land cover as another variable in combination with slope
degrees and parent material. The predictive power increased to 91.32% with three
independent variables. The ability to classify true positives increased by 2%, according to
its confusion matrix, while the classification of true negatives dropped slightly by less
than 1% (Apendix 7.4.10). Significant areas of land cover were as follows: deciduous
forest, evergreen forest, developed areas, and grassland. Significant land cover can be
seen in Figure 3-7. Each area of significant land cover had a p value of less than 0.05.
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Figure 3-7. Map of significant land cover for Knox County, Nebraska completed
for this study using a logistic regression analysis. Areas considered to be nonsignificant are transparent. The grey areas on the map are a 2-m hillshade created
from a 2-m DEM derived from LiDAR.

The fourth model was ultimately chosen as the best fitted model for this study.
The factors used were slope degrees, parent material, land cover, and soil series. Soil
series increased the overall prediction accuracy of 93.07% in combination with the other
three explanatory variables. Of the models created with the combination of multiple
factors, the fourth model had the highest predictive accuracy. For the test of significance
all four explanatory were significant with a p value of less than 0.10. Although the fourth
model was chosen, the highest prediction accuracy was the combination of slope and soil
series at 93.27%. This performed only 0.20% better than the fourth model. While slope
and soil series provided the highest predication accuracy, ultimately the interaction of the
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four variables was chosen to incorporate more variables into the landslide susceptibility
map.
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Figure 3-8. Maps of significant soil series in Knox County, Nebraska shown at
different scales. Areas shown are in the northern portion of Knox County. Areas
considered to be non-significant are transparent. The grey areas on the map are a
2-m hillshade created from a 2-m DEM derived from LiDAR.

Several soil series were identified as significant in combination with slope. Lynch
Bristow Complex and Bristow Silty Clay, soils formed in the Mobridge member of the
Pierre Shale, are two soil series that returned as significant. Labu and Sansarc soils,
formed in the unnamed member and the Elk Butte member of the Pierre Shale, returned
as significant factors contributing to landslides. Individual soil series names were Sansarc
Silty Clay and Labu Sansarc Silty Clay. The Brunswick Paka Complex, Gavins Silt
Loam, and Paka Loam were considered as significant in the Bayesian logistic regression
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analysis. It is noted that the soil series formed in siltstone, part of the Ogallala Group,
overlies the unstable Pierre Shale. Soils formed in siltstone are often highly weathered
and located on moderately sloping to moderately steep slopes (USDA NRCS, 1997). The
following soil series surprisingly returned as statistically significant. The Meadin Oneil
Complex is located on uplands with steep slopes, on convex upper side slopes, and
shoulder slopes. Similarly, Simeon Thurman Complex are located on moderate sloping to
steep slopes. Simeon Sand, found on old alluvial terraces also returned as significant.
These soil series can be seen in Figure 3-8 as well as in the appendix (7.1.6).
After the tests of significance, calculation of the odds ratios, and creation of
confusion matrix, ROC curves were graphed. Figure 3-9 is a plot that graphs the
sensitivity versus the false positive rate for model 4 using a ROC curve. The dashed line
running from the bottom left hand corner to the upper right hand corner is indicative of a
poor predictive model. If a ROC curve followed the dashed cutoff line, the model it
represents would have a predictive accuracy of only 50%, or the accuracy that can be
achieved by random guessing with a binary model. The fourth model had a ROC curve
well above the random line of chance, as it stays closer to the edges with high sensitivity
and a low false negative rate. Successful models with high prediction accuracy display
lines that curve in the upper left hand corner.
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Figure 3-9. Receiver Operating Characteristic Curve for Fitted Model #4
completed for Knox County, Nebraska, that includes four factors: soil series,
land cover, parent material, and slope created in R studio.

The other models did not increase the overall predictive power or have any major
effect in the sensitivity or false positive rate. Upon further investigation it is clear why
slope aspect and curvature did not contribute to a model. Slope aspect and profile
curvature were analyzed individually after being combined with the other factors. The
slope aspect results show the predictive accuracy was 58% and the profile curvature
predictive accuracy was even lower at 52%. Out of the six factors used for this study,
slope aspect and profile curvature had the lowest predictive accuracies.
The confusion matrix for aspect (Table 3-1) shows the poor predictive accuracy of
slope aspect. 312 rows were classified as false negatives and 510 were classified as false
positive. The sensitivity for slope aspect is 0.6880 and the false negative rate is 0.3120.
The specificity is calculated at 0.4859 and the false positive rate is 0.5141. The data for
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profile curvature closely resembles the confusion matrix for slope aspect (Table 1) but
with slightly lower values.

Figure 3-10. Receiver Operator Characteristic Curve for slope aspect data in
Knox County, Nebraska created in R studio.

The ROC curves also help to visually explain why slope aspect and profile
curvature were not considered to be significant explanatory variables in the test of
significance with five or all six factors. Figure 3-10 displays the ROC plot for slope
aspect. Plotting the sensitivity versus the false positive rate for slope aspect data, the
graph shows the stark contrast between slope aspect and the fourth model. The ROC
curve for slope aspect closely borders the dashed line that a ROC curve would exhibit
randomly guessing failures and successes. The ROC curve for the profile curvature is
displayed in Figure 3-11. There are areas on this plot where the ROC curve dips under
the line of random chance, performing worse than random guessing.
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Figure 3-11. Receiver Operator Characteristic Curve for profile curvature data in
Knox County, Nebraska created in R studio.

3.4 Landslide Susceptibility Map
To incorporate more factors, qualitative methods were applied in the generation of
the landslide susceptibility map. Based on the quantitative results alone, the best
predictive model would only include slope and soil series as factors to generate the
landslide susceptibility map. Fitted model #4 resulted in four factors being significant
while maintaining a high predictive accuracy that was less than 1% lower than the
combination of slope and soil series.
In ArcGIS four factors were reclassified based on the odds ratios shown in Table
3-4. The odds ratios compiled in Table 3-4 are from four different models. The odds
ratios for soil series, parent material, and land cover were all individually combined with
slope. The odds ratios for slope however are from fitted number #4 that combined slope,
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soil series, parent material, and land cover in one model. Three factors are categorical:
soil series, parent material, and land cover, while one factor is discrete: slope. Individual
variables within the three categorical factors that returned as significant were used in the
landslide susceptibility map. All individual variables within the categorical significant
factors that were not statistically significant in the previously mentioned combinations
were omitted from the susceptibility map. The odds ratios from fitted model #4 were used
for the discrete factor slope. In fitted model #4 the odds ratio for slope are lower than
other models, but it was valued over the other models because of its interaction with the
three significant categorical values. The lower odds ratio value was also chosen to
decrease the influence of slope in the susceptibility map. While slope is an integral factor
when considering landslides, the higher odds ratio of slope would easily outweigh the
odds ratios of the three categorical factors in the susceptibly map’s creation. The weight
of slope’s odds ratio values from other models would essentially eliminate any influence
from soil series, parent material, and land cover.
Within ArcGIS every cell containing a slope degree value was multiplied by the
odds ratio of 1.29 creating a new layer. For soil series, parent material, and land cover,
every cell containing a statistically significant variable was reclassified based on its odds
ratios value, thus creating three new layers. All four of the new layers were added
together creating a layer with values for each cell of the landslide susceptibility map that
represented the sum of the four reclassified significant factors.
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Significant Factors

Odds Ratios

Soil Series
Bristow Silty Clay
Brunswick Paka Complex
Crofton Nora Complex
Crofton Silt Loam
Gavins Silt Loam
Hobbs Silt Loam
Labu-Sansarc Silty Clays
Lynch-Bristow Complex
Medadin O'neill Complex
Paka Loam
Sansarc Silty Clay
Shell Silt Loam
Simeon Thurman Complex
Simeon Sand
Simeon Sandy Loam

2.25
5.25
1.27
6.90
5.00
1.82
7.15
5.16
1.19
3.36
2.67
4.60
5.87
3.53
2.09

Parent Material
Eolian
Glacial Till
Shale
Siltstone

0.24
0.47
5.17
4.01

Deciduous
Developed
Evergreen
Grassland

7.69
6.16
3.70
4.53

Land Cover

Slope

1.29

Table 3-4. Significant independent variables for Knox County, Nebraska. Shown
are categorical independent variables in combination with Slope that were
significant. Listed underneath the variables are the individual variables within
that were significant with corresponding odds ratios. Also shown is the discrete
independent variable slope with the corresponding odds ratio from fitted model
#4.

By adding all four layers together, the landslide susceptibility map shows
quantitative results geographically over Knox County in the form of an easily
legible scale ranging from low susceptibility to high susceptibility. Differing to
qualitative methods based on quantitative results bolsters the landslide
susceptibility map created for Knox County. Rather than limiting the map to one
or two factors, four factors and their results could be used for exploring the causes
of landslides.
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Figure 3-12. Landslide susceptibility map for Knox County, Nebraska produced
for this study using logistic regression data and qualitative methods. The map is
draped over a 2-m hillshade created from a 2-m DEM derived from LiDAR. The
areas with the highest potential for landslides to are highlighted in areas of red.
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Figure 3-12 is a landslide susceptibility map based on the results of the Bayesian
logistic regression analyses for the entirety of Knox County. One thousand random cell
units were extracted from the final landslide susceptibility map in areas that contained a
landslide scarp. The map accurately predicted about 84% of randomly assigned landslide
scarp cells as either high susceptibility or very high susceptibility. 13% of the landslide
scarp cells were classified as moderate susceptibility. The remaining 3% of cells were
classified as low or very low susceptibility. The areas of high landslide susceptibility are
generally located along the valley of the Missouri River and the steep sloped walls of the
Niobrara River. Most of the tributary creeks and streams flowing into these rivers are also
bordered with areas of high landslide susceptibility, especially on the western half of the
county. The southeastern portion of the county with relatively low relief is accurately
depicted as having a low susceptibility. The resolution of the final landslide susceptibility
map was unable to maintain a resolution of 2-m. The resolution decreased to a 10-m cell
size after the reclassification process.
The map in figure Figure 3-13 is a 1:5,000 scale map of an area within Knox
County. Unlike the map of the entire county, the large scale map provides a highly
detailed representation of the topography and areas of high and low susceptibility. In
Figure 3-13, there is an example of a road cut showing the potential for a landslide in the
north-central portion of the map. The slope facing the north, located directly next to the
road is an area of concern. Currently there does not appear to be a landslide located near
the road, but the road cut is shaded red. It has a high slope degree angle, and cutting into
shale parent material increases the odds of a landslide. The slope facing the northeast,
southeast of the road has hummocky topography due to landslide activity and the
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landslide susceptibility map has correctly identified this area as being highly susceptible
with a high landslide potential.
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Figure 3-13. Potential for landslides near Verdigre Creek, located near country
roads in sections 35 & 36 of Township 30N, Range 7W, in the Verdigre
Quadrangle, on a 1: 5,000 scale map. Underneath is a 2-m hillshade created from
a 2-m DEM derived from LiDAR.
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Figure 3-14. Potential for landslides near Highway 12 in section 13 of Township
32N, Range 6W, in the Springfield Quadrangle, on a 1: 5,000 scale map.
Significant differences in slope and relief are exemplified. Underneath is a 2-m
hillshade created from a 2-m DEM derived from LiDAR to show the topography
of the area.

Figure 3-14 is a great example demonstrating the contrast between areas of low
slope degrees and areas of high slope degrees. Areas with slope degrees smaller than 5
degrees and little relief are shaded in green north of the bluffs. Large slope degrees with
relatively larger increases in relief are more likely to be classified as highly susceptible or
very highly susceptible. As noted in the 2-m hillshade map derived from a 2-m DEM,
there is an abundance of landslides in this small area. In the middle of the map, there is a
fairly large complex landslide facing north to northwest. Also along the bluffs there are
two smaller scarps facing southwest. The landslide on the right appears older with
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displaced earth material visible from the scarp to the gully. The landslide directly to the
northwest has a distinct scarp towards the top of the ridge with a couple of scarps near the
gully. In between these two areas, the topography is unaffected by landslide movement.
Over time, the western most landslide of the side by side scarps, will potentially have its
toe support removed by water moving through the gully and the landslide will progress
upslope. Eventually the slope will appear completely hummocky like its counterpart
directly to the southeast. The map correctly identifies the landslides in the bluffs as
highly susceptible and the wetlands north of the bluffs as having a very low landslide
potential. This is a common occurrence on large scale maps throughout the northern
portion of Knox County and in areas along State Highway 12.
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4 Discussion
4.1 Landslide Inventory
The number of landslides identified in this study has more than doubled the
number of landslides identified by the current inventory for Knox County, Nebraska. The
previous number of landslides identified in the database totaled 81 for the study area. The
combination of rectified digital imagery and 2-m hillshade models from high resolution
LiDAR enabled the identification of 200 landslides within the county. LiDAR’s ability to
strip away the vegetation and provide a detailed bare earth topography is very
advantageous in the identification process. Instead of being limited by aerial photography
and ground accessibility, LiDAR allowed for the entire county to be examined on a scale
as small as 1:1,500. While the number of landslides identified has increased greatly,
there are still likely hundreds of landslides left unidentified by this study. Combining
rectified digital imagery and 2-m hillshades was effective for identifying more landslides
in Knox County, Nebraska. Significantly increasing the amount of landslides previously
identified by aerial imagery and field studies is common when incorporating LiDAR
derived DEMs. Schulz (2006) increased the amount of landslides inventoried with
LiDAR DEMs in a study of the Pugent Sound area of Washington State. There are still a
number of counties in Nebraska that contain landslides, for which LiDAR data is
available, but do not have a robust landslide inventory.

4.2 Slope
The results from the statistical analysis completed on Knox County landslide
contributing factors reflect similar landscape characteristic relationships of previous
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studies and investigations (Bruce and Scully, 1966; Scully,1973; Erskine, 1973; Eversoll,
2013; Han et al.,1992). In landslide studies of the Pierre Shale in South Dakota and
landslide susceptibility in Nebraska, increasing slope angles has led to an increase in the
amount of landslides. The best-fitted statistical model including four significant factors
for this study estimated for every one-unit increase in slope, the odds of a landslide
occurring increases by 1.29. Individually, for every one-unit increase in slope the odds of
a landslide occurring increases by 1.41. For this study, the slope degree was the biggest
deciding factor in generating landslides. This result coincides with the findings of
Ayalew and Yamagashi (2005) who found that slope degree was the most substantial
cause for landslides in their study.

4.3 Land Cover
Changes in land cover throughout the county have led to increases and, in some
cases, decreases of the odds that a landslide would occur. Different statistical models also
yielded different results as to which land cover classifications were considered significant
landslide occurrence factors. In the model combining slope and land cover, deciduous,
developed, evergreen, and grassland land cover types were considered to be significant (p
values less than 0.10). Overall, slope and land cover had a prediction accuracy around
90%. In the statistical model containing four explanatory variables, evergreen land cover
was omitted from the list of significant factors. Consistently, land cover classified as
wetlands, water, pasture, and cultivated crops, were not determined as significant factors
contributing to landslides because their p values were larger than 0.10. Cultivated crops
in the county are also located in flat areas and this is especially true for crops irrigated by
center pivot irrigation systems. Cultivated crops on increased slope degrees often
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incorporate some kind of terracing that mitigates the problem of landslides. Wetlands in
the study area are generally located between the northern facing bluffs on the Missouri
River and the Missouri River itself. This area in the floodplain is very flat and the
differences in relief are minuscule and in USGS quadrangles are even considered to be
marshland. The floodplain being flat, does not contribute shear stress to the stability of
any slopes. In combination with the variable slope, deciduous forest, evergreen forest,
developed land, and grasslands were classified as being significant with p values smaller
than 0.10. The difference in soil moisture content is most likely responsible for the
greater odds of a landslide occurrence in deciduous forested areas. Developed areas
returned an odds ratio of 6.1 is a direct result of landslides occurring in close proximity to
road networks.
While landslides on the Pierre Shale occur naturally, they can also be caused by,
or enhanced by anthropogenic activity. Landslide events are often observed during the
construction of roads and highways. The filling of these road cuts can block natural
drainage paths, effectively acting as a barrier to any water movement through the
Cretaceous shale (Scully, 1973). The proliferation of water in the shale due to the blocked
drainage paths weathers the shale at a much faster rate and leads to slope instability
(Bruce and Scully, 1966). Geologic records indicate that the Knox County region
experienced frequent landslides when glacial melt waters were present in the area
(Scully, 1973). According to Erskine (1973), the number of landslides drastically
decreased as the region shifted to a humid continental climate. Human activities that
escalate the amount of water in shale greatly accelerate the landslide process in the
present climate. Roadways in Knox County often transect with Cretaceous shale leading
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to the instability of these slopes, resulting in landslides. In areas with developed land
cover (roadways) and high slope angles on Cretaceous shale, the landslide susceptibility
map developed in this study highlights these areas as being highly susceptible. Gorsevski
et al., (2004) also found anthropogenic activities to increase the amount of landslides in
their study area by using a logistic regression analysis.

4.4 Parent Material
Previous studies attribute Cretaceous shale to increased occurrences of landslides
present on the Great Plains (Erskine, 1973; Eversoll, 2013; Ohlmacher and Davis, 2002;
Scully, 1973). Shale is also noted as a relatively weak material in Japan (Ayalew and
Yamagishi, 2005). As expected, the Pierre Shale in the Knox County study area returned
as significant in multiple statistical models with p values less than 0.10.
Other parent materials such as glacial till were also considered significant in a few
of the statistical models. Surprisingly, loess never returned as a significant factor. In
previous Nebraska landslide studies loess was assigned the same weight as shale when
evaluating landslide potential in a qualitative assessment of landslides (Eversoll, 2013;
Han et al.,1992). This does not rule out the possibility of landslides in loess for Knox
County, nor does it imply that landslides in loess within Knox County do not exist. Its
low landslide potential reclassification value is a reflection of the statistical analyses
completed in this study mirroring the odds ratios. Alluvium and colluvium were assigned
a low susceptibility value because they are more likely to appear near the bottom of
landslides or on the lower portion of slopes.
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4.5 Soil Series
The soil series results are a reflection of the parent material results found in the
previous section, with a few exceptions. Assessed alone, soil series had a predictive
accuracy of 84%; combined with slope; it had a predictive accuracy of 93%. This was the
highest prediction accuracy of all the combinations used in statistical analyses. In the
final landslide susceptibility map, soil series helped refine concentrations of susceptibility
throughout the map. Within general parent materials mentioned in the previous sections,
levels of susceptibility in this section show where the odds between soil series vary
within the same parent material.
The shrinking and swelling of soil series formed in shale can be high as they are
dominated by montmorillonite clay. Adding mass to the unconsolidated material after
large amounts of rainfall can undermine the stability of the slope. If these soils are
located on steep slopes and accumulate gains in mass through rainfall events, the shear
strength of the slope is undermined, and the odds of a landslide increase and that is
reflected in the statistical analyses.
Landslides in loess are identified as the most widespread problem in the state of
Nebraska (Han et al., 1992; Eversoll 2013). Loess as a parent material was not
statistically significant as mentioned previously, but a couple of the soil series formed in
loess returned as significant explanatory variables. The Crofton-Nora complex and
Crofton silt loam are formed in loess and located on uplands in the Knox County region.
Loess is a windblown material whose deposits can hold large amounts of water, and
when overlying bedrock or compact soil, especially in an area with a large slope degree
can lead to landslides (Han et al., 1992; Eversoll 2013).
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Individual soil series, formed in siltstone are congruent with the findings of the
parent material analysis. Other soil series formed in alluvium are not expected to be
landslide-contributing factors because they are found on lower degree slopes. The
explanation for these soil series returning as significant may be in the methods used to
gather information. It is quite possible that when the landslide scarps were digitized, map
units formed in alluvium were included as part of the landslide scarp itself. Examining
the odds ratios for the alluvial soil series show the odds being relatively low.

4.6 Aspect
Slope aspect did not return as a significant factor with a p value less than 0.10 in
any combination of statistical models. In several other studies, however, aspect was
effectively used to create a susceptibility or landslide hazard map (Ayalew and
Yamagishi, 2004; Gorsevski, 2004; Lee et al., 2004, Regmi et al., 2013). Globally,
mountainous regions with higher densities of landslides were able to demonstrate the
differences in the probability or odds of a landslide occurring on a specific facing slope.
Aspect is considered a landslide contributing factor because of the effects aspect can have
on the soil moisture and the vegetation type (Gorsevski et al., 2004; Temesgen et al.,
2001). The results from Ayalew and Yamagishi (2004) may have the most compelling
results of slope aspect being a major contributing factor to landslides. This result is due to
the geographic location of the study area in the Kakuda-Yahiko Mountains in central
Japan. The Sea of Japan affected the west facing slopes with differential weathering and
coastal erosion of slopes close to the ocean (Ayalew and Yamagishi, 2004).
Based on the landslide susceptibility map and the statistical analysis completed in
this study, aspect might play a larger role than the statistics suggest. Knox County,
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located North of the 40th parallel, with moderate differences in relief, should contain
slope aspects receiving differing amounts of sunlight and wind exposure, potentially
snow cover, affecting soil moisture and perhaps land cover. If aspect had been found to
be a significant factor, it would have contributed another layer to the map, further
defining areas of low and high susceptibility.
Slope aspect was not included as a contributing factor to landslides for this study.
This might be a direct result of the geographical location and the climate present in the
regional studies compared to global studies. Knox County experiences annual rainfalls
less than 700-mm whereas global studies can be in climates with heavy rainfalls. The
differences in rainfall amounts may account for pronounced differences in soil types and
slope aspects that are susceptible to landslide triggers. Another possible explanation
could be that the resolution of the DEM was too high at 2-m and it may be that a broad
generalization of a slope’s aspect is a better option (Van Westen et al., 2008). So while it
may be possible that there is a general trend of landslides occurring on certain facing
slope aspects, it has not been captured by the analyses in this study.

4.7 Curvature
Curvature failed to provide any valuable information or further insight as to how
it might influence landslides in Knox County. Curvature was postulated to reflect
geomorphologic and hydrological changes in the terrain associated with higher and lower
levels of susceptibility to a landslide activity. The results from the statistical analysis
were prediction accuracies on par with random guessing at 52%. The poor performance
may be attributed to the area containing relatively lower amounts of relief than other
landslide study areas across the globe. Curvature is often used in statistical analyses of
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landslides to reveal the significance of erosion/deposition rates and converging/diverging
flows of the study area (Gorsevski et al., 2006). More research is needed in the Great
Plains to confirm or dismiss this assumption. Rather than using curvature as a continuous
variable in the statistical analysis, it may be beneficial to categorize values in classes.
This approach may yield different results for slopes varying as concave or convex.
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5 Conclusions and Future Work
Assuming that the recognition of past landslide events can lead to the prediction or
understanding of future landslide events, this study incorporated a quantitative and
qualitative approach to creating a landslide susceptibility map for Knox County. I tested
which factors among slope, parent material, soil series, land cover, slope aspect, and
slope curvature were most likely to cause landsliding in Knox County. My findings show
that consistently throughout multiple combinations of models, slope degree was the
single most influential factor for predicting landslide occurrence in this study. In fact, a
slope’s shear resistance in Knox County is weakened for every one-unit increase in slope
degree. Exactly how much depended on the model. Greater slope angles increased the
odds of a landslide by 1.41. Combining slope and soil series yielded a value of 1.32, and
adding the other two significant factors, parent material and land cover, odds of a
landslide increase 1.29 for every increase in slope degree.
I also combined factors to identify which model is most likely to increase slope
instability. These factors are soil series, parent material, and land cover. Fifteen
individual soil series returned as statistically significant. Soil series combined with slope
degrees yielded a prediction accuracy over 93%. Soil parent materials such as shale and
siltstone have the greatest odds to incur a landslide. Slope and significant parent material
combined have a prediction accuracy of 90%. Soil series formed in shale such as that of
the Lynch Bristow Complex, Labu Sansarc Complex, and Sansarc Silty Clay were found
to be statistically significant. Soils formed in siltstone were also identified as another
significant soil series, including Paka Loam and Gavins Silt Loam. While loess as a
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parent material is not found to be a statistically significant factor for this study, soil series
formed in loess such as Crofton Silt Loam are significant due to its occurrence on higher
slope angles. Although slope aspect is not significant for Knox County in this study,
landscapes dominated by deciduous and evergreen vegetation were identified as
significant. This may be a direct result of several factors, potentially including the fact
that these vegetation types are found on slopes, and/or that slope aspect may create
different soil moisture content. Grassland is a significant variable, most likely for its
occurrence on higher slope degree values and higher rates of erosion in these areas.
Developed land cover resulted in an overall increase of the odds of a landslide as well. In
fact, many previously observed landslides occur in close proximity to roads and
anthropogenic activity increases the susceptibility of an area to landsliding. The fact that
developed land cover was found to be a contributing factor to landslides was expected
given the extensive literature behind anthropogenic activity leading to landslides in the
region and across the globe (Eversoll, 2013; Arbanas and Arbanas, 2015; Hussin et al.,
2016).
This study will hopefully provide workers with an improved methodology for
studying these landslides in the future. For this study, one major contributing factor to
landslides was missing for analysis that could be added in subsequent studies. Future
work needs to consider adding some form of precipitation data layer to the study,
monitoring water table levels, or incorporating the effects of major rainfall events. A soil
moisture layer with continuous values is recommended for smaller scale analysis that
possibly compares two different study areas. A larger regional study would benefit from a
precipitation data layer or climate data layer that exhibited noticeable differences in the
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data. For this study, there is not detailed enough data to evaluate precipitation differences.
Also a precipitation layer was not included because the difference in rainfall amounts for
a county is relatively minor and data availability was limited. A precipitation layer would
be more appropriate for a regional analysis or comparing two areas with major
differences in rainfall. Future studies of Pierre Shale could also gauge water table levels
and incorporate the results in a quantitative study within GIS. More research is needed on
the interaction between water and Pierre Shale and the effects it has on landslide activity.
While a database of landslides exists for the state of Nebraska, the current format
does not allow end users to conduct any spatial analysis. Although the online data
provides several variables, it would be beneficial for the Nebraska Conservation and
Survey Division to upgrade the format. The current data could be converted to a
geodatabase for the state of Nebraska. In a spatial analysis program such as ArcGIS, the
database could provide much more detailed information for selected areas of the state. An
attribute table consisting of the landslide’s spatial location information and categories
such as the type of landslide, general slope aspect, soil type, parent material, land cover,
the cause of landslide, and the landslide’s status as active or dormant, could be
documented. Continuous data could be added to the data as well including, the initial
date of the landslide occurrence if known, its length and width, damage and repair costs,
slope angle, and proximity to a road or proximity to a water network. By combining all
of these features in a spatial database, relationships between landslides, their locations,
and factors contributing to their cause, could be easily accessible for multiple interests.
Identifying the differences in landslide susceptibility categories spanning across
Knox County is a tool that can aid several different interests, such as the Nebraska
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department of roads, residential planning, and commercial agencies. The landslide
susceptibility map is a tool that can be applied in all areas where landslides are a concern.
Assessing susceptibility is the first endeavor to creating broader, more complex maps
involving hazard zonation or risk, and quantitative maps that can calculate estimated
costs of potential monetary losses.
Overall this study demonstrates quantitative landslide studies are possible in the
interior of the United States in areas without typical landslide triggers. Knox County
receives modest amounts of rainfall annually, it is not in close proximity to major faults
or prone to strong earthquakes, and the relief is relatively modest compared to
mountainous regions. Globally, many quantitative landslide studies include landslide
triggering factors as data layers, in addition to the factors used in this study to incorporate
into their research. As shown by this study, even though there is an absence in landslide
triggering factors, a small amount of factors can quantify and help to understand the
nature of landslides. Slope degree’s heavy influence on the formation of soil series and
shear stress on parent materials is made evident by the results of this study.
Anthropogenic activity also exacerbates mass wasting in Knox County by destabilizing
slopes that may contain parent materials found to be significant, such as Pierre Shale or
soil series formed in loess, siltstone, and Pierre Shale located on slopes containing high
degree values. Data is available throughout the interior United States for the creation of
landslide inventories, susceptibility maps, hazard zonation, and risk assessment. Studies
in this region should be embarked upon to help refine our understanding of landslides in
this understudied area.
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7.1 Maps of Knox County
2-m Digital Elevation Model
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7.1.2

2-m Hillshade Model
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Significant Parent Material Factors
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7.2 Test of Significance
7.2.1

Test of Significance for Slope
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7.2.2

Test of Significance for Parent Material
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7.2.3

Test of Significance for Soil Series
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7.2.4

Test of Significance for Land Cover
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7.2.5

Test of Significance for Aspect
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7.2.6

Test of Significance for Curvature
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7.2.7

Test of Significance for Slope & Parent Material
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7.2.8

Test of Significance for Slope & Land Cover
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7.2.9

Test of Significance for Slope & Soil Series

92

93
7.2.10 Test of Significance for Slope, Parent Material, Land cover
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7.2.11 Test of Significance for Slope, Parent Material, Land Cover, Soil Series

95

7.2.12 Test of Significance for Slope, Parent Material, Land Cover, Soil Series,
Aspect, Curvature
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7.2.13 Test of Significance for Parent Material, Land Cover, Soil Series
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7.3 Odds Ratios
7.3.1

Odds Ratios for Slope

7.3.2

Odds Ratios for Parent Material

100
7.3.3

Odds Ratios for Soil Series

7.3.4

Odds Ratios for Land Cover

7.3.5

Odds Ratios for Aspect

101
7.3.6

Odds Ratios for Curvature
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Odds Ratios for Slope & Land Cover
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Odds Ratios for Slope & Soil Series
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7.3.11 Odds Ratios for Slope, Parent Material, Land Cover, Soil Series
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7.3.13 Odds Ratios for Parent Material, Land Cover, Soil Series

7.4 Predictive Accuracy & Confusion Matrix
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Predictive Accuracy & Confusion Matrix for Parent Material
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Predictive Accuracy & Confusion Matrix for Soil Series
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Predictive Accuracy & Confusion Matrix for Land Cover
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Predictive Accuracy & Confusion Matrix for Aspect
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Predictive Accuracy & Confusion Matrix for Curvature
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Predictive Accuracy & Confusion Matrix for Slope & Land Cover
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Predictive Accuracy & Confusion Matrix for Slope & Soil Series
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7.4.10 Predictive Accuracy & Confusion Matrix for Slope, Parent Material, Land
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7.4.12 Predictive Accuracy & Confusion Matrix for Slope, Parent Material, Land
Cover, Aspect, Curvature

7.4.13 Predictive Accuracy & Confusion Matrix for Parent Material, Land Cover,
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7.5 Receiver Operating Characteristic Curves
7.5.1

ROC Curve for Slope
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7.5.2

ROC Curve for Parent Material

114
7.5.3

Roc Curve for Soil Series
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ROC Curve for Land Cover
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ROC Curve for Aspect
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ROC Curve for Curvature
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7.5.7

ROC Curve for Slope & Parent Material
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0

1

1.0

ROC Curve for Slope + Land Cover

0.8
0.6
0.4
0.2
1
0.0

0

0.0

0.2

0.4

Sensitivity

0.6

0.8

0.5

0.2

0.4

0.6
False positive rate

0.8

1.0

120
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ROC Curve for Slope & Soil Series
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7.5.10 ROC Curve for Slope, Parent Material, Land Cover
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7.5.11 ROC Curve for Slope, Parent Material, Land Cover, Soil Series

123
7.5.12 ROC Curve for Parent Material, Land Cover, Soil Series

